ABSTRACT Compressed sensing-based multiuser detection (CSMUD) is a promising candidate to enable grant-free non-orthogonal multiple access for massive machine-type communication in the fifth-generation (5G) wireless communication system. Exploiting the sporadic node activity of the massive machine-type communication, CSMUD recovers the signal from far fewer linear measurements than the number of users, thereby facilitating massive connectivity. However, with the increase in the number of sensor nodes, the errors in the activity detection also increase. In this paper, we propose sequence blockbased compressed sensing multiuser detection (SB-CSMUD), which enhances the activity detection by using block of multiple spreading sequences as signature of the node. It is demonstrated both empirically and theoretically that the SB-CSMUD scheme besides improving the detection error rate also increases the spectrum efficiency. Simulation results show that for the same least square estimation error rate (LSER), SB-CSMUD not only reduces the bandwidth by 10% but also reduces the bit error rate by more than 1.5 order of magnitude at signal-to-noise ratio (SNR) of 15 dB. The bandwidth can even be reduced by 25%-30% at SNR > 20 dB for achieving the same detection error rate at the cost of LSER. Furthermore, owing to the diversity in the spreading, the proposed scheme provides a more homogeneous performance for all the nodes. In addition, the computational complexity of the SB-CSMUD is the same as that of CSMUD at the only expense of the memory requirement for hosting the block sequence at the node.
I. INTRODUCTION
Massive machine type communication (mMTC) is one of the important communication services in the future 5G wireless communication system. It has a great potential in a wide range of applications such as in monitoring, logistics, smart grids, smart cities and so on. Different from the human driven communication, the mMTC is characterized by low data rate and sporadic activity [1] . It is estimated that the number of connected devices will rise to 50 billion by 2020 [2] and even up to 500 billion by 2024 [3] . The abundance of such devices poses enormous challenges to meet the performance requirements such as high spectral efficiency, massive connectivity and low power consumption of the 5G communication system [4] , [5] . The current cellular systems such as 3GPPP long term evolution (LTE) [6] is primarily designed for human centric communication which is characterized by high data rates. The control signaling overhead for medium access of the LTE protocols is much higher as compared to the mMTC payload, which makes the LTE highly inefficient to cope with the mMTC traffic [7] , [8] . Furthermore, the current orthogonal multiple access (OMA) schemes are based on orthogonal resource allocation which are not capable to accommodate the huge number of devices due to the orthogonality constraint. The peculiar characteristics of the mMTC traffic demands for a paradigm shift of the current multiple access scheme to reduce the control signaling overhead and to accommodate massive number of nodes.
Non-orthogonal multiple access (NOMA) has become a key technique to meet the performance requirements of the mMTC in 5G wireless communication system. In NOMA schemes, unlike the conventional OMA schemes, non-orthogonal resources are assigned to the users.
The non-orthogonality allows the multiple access scheme to be overloaded, i.e., facilitating multiple users to share the available resources.
A. RELATED WORK
Various schemes have been proposed in the literature that uses the NOMA principal. These schemes can be divided into two main categories: the power domain NOMA and the code domain NOMA. In the power domain NOMA, the non-orthogonality is introduced by allocating different power levels to the users [9] . The power levels are unique for each user and serve as signatures in the multiuser detection which is carried out by using successive interference cancellation (SIC) [10] .
In code domain NOMA, non-orthogonal codes are used to spread the data. At the receiver, advanced multiuser detection techniques such as message passing algorithm [11] and SIC are used to separate the users. Different variants of the code domain NOMA are present in the literature, the most promising of which are sparse code multiple access (SCMA) [12] - [14] , pattern division multiple access (PDMA) [15] , multi-user shared access (MUSA) [16] and so on. In SCMA, the information bits after channel coding are directly mapped to user specific sparse codewords and message passing algorithm is used at the receiver for multiuser detection. The PDMA considers each user's channel state and accordingly allocates a different number of non-zero elements to the codeword. The MUSA is a sequence based NOMA scheme that assigns low correlated spreading sequences to the nodes and uses SIC for multiuser detection.
Compressive sensing based multiuser detection (CSMUD) [17] - [21] is a recently proposed scheme to enable grantfree non-orthogonal code division multiple access (CDMA) for sporadic mMTC in 5G. Compressed sensing is a signal processing technique in which a sparse signal is sampled at low rate and is reconstructed by solving underdetermined linear systems. In mMTC, the CSMUD exploits the sparsity in the activity of the nodes. Many variants of CSMUD have been proposed in the recent years to efficiently handle the massive connections. In [17] , for the first time sparsity-exploiting algorithms based on maximum a posteriori probability criterion for CDMA multiuser detection are proposed. However, besides the higher complexity of the convex optimization based algorithms, they are not able to efficiently support more users than the orthogonal resources.
In [18] , the greedy algorithms, e.g., orthogonal matching pursuit (OMP) [22] and orthogonal least square (OLS) [23] , are used for CSMUD to reduce the computational complexity and to support the overloaded systems, i.e., the system having more users than orthogonal resources. The performance of the OLS based CSMUD is further improved in [24] by exploiting the group sparsity of the multiuser symbols. It is assumed that when a node is active, it transmits a sequence of symbols, thereby, making the multiuser signal group sparse. The performance enhances for the reason that the activity detection considers multiple symbols which are individually affected by random noise.
Another challenge in CSMUD is that the number of supported nodes are limited by the number of dedicated signatures. In [25] to increase the number of supported nodes, a contention based medium access scheme is proposed in which each node randomly selects a sequence set from a predefined pool of sequence sets. At the receiver, the nodes are identified by the user IDs which are embedded within the data frame. However, as compared to the non-contention based medium access, additional errors are caused by the collision in medium access. In addition, the activity detection is dependent on the accurate estimation of the signal, which requires higher SNR and higher sparsity.
Monsees et al. [19] propose multicarrier compressed sensing multiuser detection in which CSMUD is applied to orthogonal subcarriers combined with CDMA. The proposed scheme improves the spectral efficiency and the flexibility in accessing the time-frequency resources. A variant of the OMP algorithm called group orthogonal matching pursuit (GOMP) is used which exploits the group sparsity of the signal. Instead of using a single symbol the whole frame is used for activity detection which improves the detection error rate (DER).
The performance of the CSMUD depends on the correlation between the spreading sequences, the higher the correlation is, the higher the DER will be. With the increase in the number of nodes, the correlation between the spreading sequences increases which consequently degrades the DER. For a fixed number of spreading sequences, the correlation between them is dependent on the spreading factor, i.e., the length of the spreading sequences. However, to reduce the mutual correlation by increasing the spreading factor is spectrally inefficient.
B. MAIN CONTRIBUTIONS
In this paper, we have proposed the SB-CSMUD scheme in which a block of sequences is assigned to each node instead of assigning a single sequence. The sequence blocks are designed such that each node has a unique sequence block which serves as the signature of the node. The activity detection is based on the maximum mutual correlation of the sequence blocks instead of the maximum mutual correlation between single sequences. In SB-CSMUD, the maximum correlation between the signatures of the nodes becomes smaller for the reason that the correlations are averaged over multiple spreading sequence in a block. The main contributions of the paper are as follows:
• Keeping the same least square estimation error rate (LSER), a 10% gain in the bandwidth is achieved along with a reduction of 1.5 order of magnitude in the BER at SNR = 15 dB. The bandwidth can further be reduced by 25%−30% to achieve the same DER at the cost of increased LSER.
• A more homogeneous performance in terms of LSER of all nodes is achieved as compared to VOLUME 6, 2018 CSMUD. Thanks to the diversity introduced by the multiple sequences in a sequence block.
• Capability to support more simultaneously active nodes is obtained. It is shown that for SNR = 20 dB, SB-CSMUD can support 50% more active nodes than CSMUD.
• Bound of performance metric for the SB-CSMUD is derived and it is shown that probability of successful support recovery of the proposed SB-CSMUD is higher than that of the conventional CSMUD.
• Extensive simulations are carried out to investigate the effect of different parameters such as the frame size, sequence block size and sparsity.
In the proposed scheme, the nodes are required to store the sequence blocks, therefore, the memory requirement of the node is slightly increased, however, the computational complexity of the SB-CSMUD is same as that of the CSMUD. The paper is organized as follows. In Section II, the basic compressive sensing concept is described. Section III provides description of the system model and the CSMUD scheme. Section IV presents the proposed SB-CSMUD scheme and analytical derivation of the lower bound for the success probability of support recovery. In Section V, the simulation parameters are given and the performance of the proposed scheme is analyzed in detail. Finally Section VI concludes the paper.
Notations: In this paper, all boldface uppercase letters represent matrices such as A, while all lowercase boldface letters represent vectors such as x. The set of binary and complex numbers are represented by B and C, respectively. Italic letters such as k, x represent variables. Uppercase letters such as K and Greek letters such as γ represent a constant value.
II. COMPRESSIVE SENSING BASICS
Compressed sensing (CS) is a signal processing technique which samples a sparse signal at a rate much less than the Nyquist rate [26] . A signal x ∈ C N ×1 is said to be K -sparse if it has only K non-zero elements, K N . The signal x can be sparse with respect to any basis . Let z = x be a compressible signal with respect to . The CS encoding process produces measurement y ∈ C M ×1 by a measurement matrix
where n ∈ C M ×1 is the background noise vector. The reconstruction of vector x is to find a sparse vectorx which satisfies Equation (1) . However, Equation (1) is an underdetermined system of equations which can be solved by using optimization techniques. The reconstruction of vector x is formulated aŝ
where . 0 is the l 0 norm which simply gives the total number of non-zero elements in the vector. Equation (2) is a nonconvex optimization problem, which is known to be NP-hard to solve. Certain relaxation approaches are used to solve Equation (2) such as, basis pursuit denoising in which the l 0 norm is relaxed to l 1 norm [27] . The l 1 minimization is a convex optimization problem which recovers the signal from an underdetermined system of equations with higher accuracy at the cost of complexity of cubic order. Another category of sparse signal reconstruction algorithms is greedy algorithms. In greedy algorithms, e.g., orthogonal matching pursuit (OMP), the support ofx is obtained iteratively by selecting the column of which has maximum correlation with the residual. The residual is initialized to y and is updated in each iteration of OMP. Once the support is obtained, the corresponding data is estimated by using least square estimation. The greedy algorithms have lower complexity compared to the basis pursuit algorithms at the cost of a slight loss in the DER performance. In order to successfully recover the signal using compressive sensing algorithms, the measurement matrix, , needs to satisfy the restricted isometry property (RIP) [28] . A matrix is said to satisfy RIP if there exists a constant δ K ∈ (0, 1) such that for every K sparse signal, x, [28] (
Generally computing the restricted isometric constant, δ K , is NP-hard. A Guassian matrix is known to satisfy RIP with high probability whenever the number of rows scales linearly with the sparsity of the signal and logarithmically with the length of the signal [29] , [30] . Another metric to evaluate the performance of a sensing matrix is the mutual coherence of the sensing matrix [31] . Mutual coherence is defined as the maximum correlation between the columns of the and can easily be computed as
where i represents the i-th column of . In [32] it is shown that a matrix can recover the true support of the signal if the following condition of sparsity is satisfied.
When the µ max increases the number of supportable nonzero elements decreases. It is also shown in [33] and [34] that the mutual coherence provides acceptable performance guarantees.
III. COMPRESSIVE SENSING MULTIUSER DETECTION
A typical uplink mMTC scenario is illustrated in Figure 1 , where N users are in the range of a base station (BS).
Out of the N users, only a small fraction is active simultaneously. Considering a non-orthogonal multicarrier-CDMA (MC-CDMA) system [35] for uplink mMTC, each user is assigned with a spreading sequence to spread the data. The spreading sequence also serves as signature of the user.
In the non-orthogonal MC-CDMA, the number of spreading sequences is more than the orthogonal resources, which introduces a correlation between the spreading sequences. Therefore, advanced multiuser detection techniques are required to recover the signal. In mMTC, since the multiuser signal is sparse, i.e., only few of the users are active, the multiuser detection can be posed as a compressive sensing problem, therefore, called compressive sensing multiuser detection (CSMUD). The CSMUD is a joint detection of the activity and data. After detecting an active node the corresponding data is estimated using least square estimation. Therefore, the overall BER is dependent on the detection of both the activity and the data. Analytically, the overall BER is given as
where K is the number of simultaneously active nodes, L is the number of symbols in a frame, ξ is the number of errors in the activity detection and γ represents the average number of errors in the least square estimation. The CSMUD is modeled in two ways: as a single measurement vector (SMV) problem and as a multiple measurement vector (MMV) problem.
A. SINGLE MEASUREMENT VECTOR CSMUD
In SMV model the CSMUD problem is formulated on symbol level where the activity detection is carried out for each symbol interval. The received signal after affected by AWGN noise and channel fading is given in frequency domain as
where S ∈ C M ×N consists of the spreading sequences of N users, H ∈ C N ×N is a diagonal matrix which consists of the channel coefficients of the users, x ∈ C N ×1 is the multiuser signal and w ∈ C M ×1 is the Gaussian noise. A zero element of vector x represents an inactive user. The matrix, A ∈ C M ×N is the sensing matrix which consists of the combination of the spreading sequences and channel coefficients. In matrix form the SMV based CSMUD model is shown in Figure 2 . Using OMP to solve CSMUD for SMV model, at each iteration the active user is detected as the index of the maximally correlated column of the sensing matrix, A, with the residual, r (initialized to y and updated in each iteration). The corresponding data symbol of the active user is then estimated using least square estimation.
B. MULTIPLE MEASUREMENT VECTOR CSMUD
In mMTC, when a node is active, it transmits more than one symbol at a time. This fact is used in modeling the CSMUD as an MMV model where it is assumed that the data frame consists of L symbols. The received data matrix is given in frequency domain as
where W ∈ C M ×L is the Guassian noise. X ∈ C N ×L consists of the modulated symbols of N users. Each row of X represents L symbols of a user while each column consists of the symbols of all users at a time. The inactive user is represented by all zero row of the matrix. Figure 3 shows the MMV based CSMUD in matrix form. In the case of MMV based CSMUD, at each iteration the activity detection is based on the average of the correlations of the columns of A with the residual, R (initialized to Y and updated in each iteration), followed by the estimation of the corresponding data frame. The performance of MMV based CSMUD is better than the SMV based CSMUD for VOLUME 6, 2018 the fact that in MMV case the correlations are averaged over L symbols.
IV. SEQUENCE BLOCK CSMUD
The performance of the conventional CSMUD depends on the maximum correlation, µ max , between the spreading sequences assigned to the users. For a higher value of µ max , the DER will be higher and vice versa. The maximum correlation, µ max , is dependent on the length of the spreading sequence, i.e, the spreading factor. Increasing the spreading factor reduces the maximum correlation, µ max , which improves the activity detection. However, higher spreading factor means using more radio resources, which is not desirable in an mMTC scenario. Therefore, to reduce the µ max without increasing the spreading factor, we propose SB-CSMUD. It is an MMV based CSMUD scheme in which it is assumed that when a node is active it transmits L symbols, mod (L, D) = 0, where D is the number of sequence in a sequence block. 
A. PROCESSING AT SENSOR NODE
In the proposed SB-CSMUD, instead of assigning a single sequence, a sequence block, S n ⊂ S, 1 ≤ n ≤ N , of D sequences is assigned to each user which serves as the signature. The node processing in SB-CSMUD scheme is depicted in Figure 4 . The signal after channel coding is modulated using quadrature phase shift keying. The modulated data frame is then spread using the assigned sequence blocks. The spreading process can be regarded as dividing the data frame into G = L/D symbol blocks and spreading each symbol block using the user specific sequence block. The first symbol of each symbol block is spread using the first spreading sequence of the sequence block, the second using the second spreading sequence and so on. The resultant spread signal frames of all the N nodes U n ∈ C M ×L , 1 ≤ n ≤ N , are then transmitted using orthogonal frequency division multiplexing.
B. SEQUENCE BLOCK DESIGN
A sensing matrix, S ∈ C M ×N , is generated by selecting random sequences from the unit circle such as s i (ν) ∼ exp(2π ν) with ν being a uniform distribution on the interval [0,1]. For each user a block of D sequences are selected from the 
from sensing matrix, S. In Figure 5 , the design of sequence blocks for D = 3 is shown. The sequence block of node 1,
, consists of the first three sequences of the spreading matrix, S. Similarly S 2 = [s 2 , s 3 , s 4 ] and so on. Note that the total sequences used by SB-CSMUD are same as that of CSMUD. Owing to the random correlations among the columns of spreading matrix, the minimization of the maximum mutual correlation between the sequence blocks is sub-optimal. Therefore, the performance of the system can further be improved by designing the sequence blocks such that the maximum mutual correlation between the sequence blocks is minimized.
The sequence block is stored at the sensor node, thereby, increasing the memory requirement by D. However, the computational complexity of the spreading at the node as well as of the multiuser detection at the BS in SB-CSMUD is the same as that of CSMUD. The reason is that both CSMUD and SB-CSMUD process the same amount of symbols. The only difference is that in CSMUD all symbols use the same spreading sequence while in SB-CSMUD each symbol block uses a different spreading sequence from the sequence block.
C. PROBABILITY OF SUPPORT RECOVERY
The CSMUD is based on the OMP algorithm where at each iteration the activity and data are jointly detected. The support of signal y in Equation (7) is iteratively obtained as the index of the maximally correlated spreading sequence with the residual, r. The activity is detected as
where a j represents the j-th column of the sensing matrix, A, is the set of the indexes of the active nodes, x k is data symbol of node k and | . | represents the mutual correlation.
It is intuitive that the CSMUD recovers the support set if the minimum correlation between the spreading sequences of the active nodes and the received multiuser symbol is greater than the maximum correlation between the inactive nodes and the received multiuser symbol. In [33] , it is shown that the OMP algorithm recovers the true support if min i∈ k∈
The summation on the left hand side of Equation (10) also contains the self-correlation, | a i , a k |, i = k, which is equal to 1. Therefore, we have
It is easy to understand that
The relationship in (12) leads (11) to a stronger condition for the support recovery as follows
The activity of the nodes in mMTC is not known beforehand, therefore, without loss of generality p and q in Equation (13) can be considered as the sum of K − 1 and K correlations which maximizes the second term on the left hand side and the right hand side, respectively. Equation (13) can therefore be generalized to
Taking the higher value for both sides of the equation, we have
Representing the set of indexes of the spreading sequences which maximizes the left hand side of Equation (15), by and the corresponding correlations by µ, we have the condition for successful recovery as
The probability of error in the activity detection, Pe, can therefore be defined as
By using Briesten inequality [36] we obtained the upper bound probability of error as
where E µ 2 j |x j | 2 ≤ v and Pr µ j |x j | ≤ c = 1. It is assumed that the transmit power of each node is one, i,e., |x j | = 1, ∀j. However, there are only K nodes active at a time, therefore, the remaining N −K nodes are represented by zero. The upper bounds c is therefore equal to µ max and v is defined as
The lower bound probability of successful support recovery for SMV based CSMUD, λ SMV , is therefore stated as
Combining Equation (18), (19) and (20) and assuming Pr{max j | a j , w | ≤ η} = 1, we have the lower bound success probability,
Equation (21) is based on SMV model where only a single multiuser signal is considered. However, in practice the active user transmits a sequence of symbols. Assuming that a user transmits L symbols per frame, the multiuser detection VOLUME 6, 2018 problem is posed as an MMV compressive sensing problem. For the MMV case, the received signal of Equation (8), the decision of activity detection is based on the average of the correlations of the signature and the L received multiuser symbols. The success probability for MMV based CSMUD is therefore given as
where η l is the correlation between the l-th symbol of the frame and the Gaussian noise. The performance of the MMV based CSMUD is better than that of the SMV case due to the fact that every symbol in MMV case experiences a different Gaussian noise which introduces a diversity in the correlations between the spreading sequences and the received multiuser signals. SB-CSMUD is an MMV based multiuser detection in which along with the diversity introduced by noise, the maximum correlation between the signatures is also reduced. The received signal after affected by the additive white Gaussian noise and channel fading is given in frequency domain as
where, (24) S n ∈ C M ×D is the spreading sequence block, h n ∈ C M ×1 is the node and subcarriers specific channel coefficients, x n ∈ C 1×L is the data frame, B n ∈ C M ×D is the combination of the channel and the spreading influences of the sequence block n and B n d represents the d-th sequence in sequence block n. Note that for SB-CSMUD, the frame size, L, is selected such that mod (L, D) = 0. The sequence block serves as a signature for the node at the receiver, where the activity is detected based on the mean of the correlations between the sequence blocks and the received signal Y, as
where
and
where W l d represent the random noise at the d-th sequence of the l-th symbol block and x k l is the l-th symbol block of the k-th node.
The success probability of support recover for SB-CSMUD is given as
where B j and µ B j are the block counterparts of j and µ j in Equation (17), respectively and
Similarly the upper bound of the correlation between the signature and the noise at the l-th symbol block is defined as 
where µ (32) to only K terms. Ignoring the last term on the right hand side of Equation (32) which is nearly zero for large N , we have
For the parameters defined in (30) , (31) and (33), the lower bound success probability of support recovery for SB-CSMUD, λ B , is obtained as
where η B l is the correlation of the l-th symbol block with noise.
From Equation (21) and (34), it can be observed that λ B ≥ λ only if µ B max < µ max . To show that µ B max is always less than µ max , we rewrite Equation (30) as
Each sequence block consists of D unique sequences from sensing matrix, A, therefore, only one correlation in Equation (35) can be equal to the maximum correlation µ max while the other D − 1 correlations are less than µ max . Let µ
Equation (36) shows that the µ B max will always be less than µ max which consequently implies that lower bound success probability of the support recovery of SB-CSMUD will always be higher than that of conventional CSMUD.
D. PERFORMANCE GAIN
The gain in support recovery achieved by the proposed scheme can be utilized in several aspects
•
To reduce the required bandwidth by reducing the number of subcarriers;
• To reduce the DER using the same resources;
• To accommodate more active users. The required bandwidth, B W for data rate R b , coding rate, R c and R s bits per symbol, is given as
The gain in the required bandwidth achieved by SB-CSMUD can be given as
where M B is the length of the spreading sequences of the SB-CSMUD, which is equal to the number of subcarriers. Keeping all other parameters constant, the required bandwidth gain is solely dependent on the difference between M and M B . For OMP based CSMUD algorithms, the required number of subcarriers to ensure a failure probability less than α for some constant C > 0 is given in [22] as
The M in Equation (39) increases linearly with K which is limited by the maximum correlation between the signatures as given in Equation (5). In SB-CSMUD the correlation between the signatures is reduced which can potentially allow more simultaneous active nodes. The possible increase in active nodes is denoted by K = K B − K , where K B is the number of simultaneously active nodes supported by SB-CSMUD. The K can be used in two ways either to accommodate more active users or to reduce the required number of subcarriers at the same BER which results in a gain in the bandwidth saving. The required number of subcarriers for SB-CSMUD ensuring the same BER is obtained as
Substituting Equation (40) in Equation (38), we obtain the gain in bandwidth saving as
The overall BER is also dependent on the LSER according to Equation (6) . Therefore, by reducing the number of subcarriers, the LSER of the active nodes also increases which results in increasing the overall BER. Therefore, the reduction in the number of subcarriers is limited by the tolerance level of increase in the LSER of the active nodes. For the scenarios where the accurate support recovery is more important than the actual data such as in smart temperature sensing where the sensor node becomes active when the temperature exceeds certain limit, the proposed scheme can further reduce the subcarriers while keeping the same DER as that of the conventional.
E. HOMOGENEOUS PERFORMANCE
Random matrices are considered to give good performance in the compressive sensing reconstruction. Using random sensing matrices in OMP based CSMUD, one of the drawbacks is that the users might not have homogeneous performances in terms of LSER. It is because the performance is dependent on the correlations of the spreading sequences which are not homogeneous in a random matrix. The users that are maximally correlated are highly prone to errors while those with smaller mutual correlation have lower LSER. The nonhomogeneity becomes more evident when the data frame is large as the whole frame gets affected.
In the proposed scheme each node uses D spreading sequences, therefore, they have a higher spreading diversity in the transmitted data frame. In the worst case only L/D symbols in the data frame can get affected by the higher mutual correlation. As discussed in Section IV-D, the remaining L − L/D symbols will always have less correlation with other nodes' spreading sequences. The proposed SB-CSMUD scheme therefore guarantees a more homogeneous performance. Furthermore, the diversity introduced by using multiple sequences also gives a small improvement in the overall LSER of the system. VOLUME 6, 2018 
V. PERFORMANCE ANALYSIS
We analyzed the performance of the SB-CSMUD under different scenarios. For the performance analysis, we assume an exponentially decaying channel with a path loss constant of two. In addition, we assume that the channel remains same for the entire data frame and the channel state information is known at the receiver. The overloading factor is defined as ρ = N /M . The other simulation parameters are summarized in Table 1 .
The lower bound probability of successful support recovery is shown in Figure 6 . The probability of successful support recovery for the empirical results is defined as the ratio of the exact support recovery to the number of trials performed. The terms η and η B are random quantities which cannot be calculated analytically, therefore, they are empirically calculated as the maximum correlation between the signatures and the noise in 10 4 trials. Figure 6 shows the theoretical and empirical probability bounds of successful support recovery. In Figure 6 (a), the probability bounds are shown for M = 14, 18 and 20. It is evident that for M = 20, the success probability of the conventional CSMUD becomes flat at 0.85 while the success probability of SB-CSMUD is nearly one at SNR > 20 dB. The performance of the SB-CSMUD at M = 18 is nearly the same as that at M = 20 for SNR > 15 dB, which besides the improvement in the success probability over the CSMUD also results in a bandwidth gain of 10%. The performance cures at M = 14 shows that the bandwidth can further be reduced by 30% for SNR > 20 dB. It can be observed that the gap between the theoretical curves for CSMUD and SB-CSMUD at M = 14 is more than that in the empirical curves. The reason for this difference is that for theoretical results we consider the maximum value of η while in the empirical case the diversity in η is higher as each symbol experience a different noise. The same gain pattern can be observed in Figure 6 (b) where the number of subcarriers are increased to M = 64 and total number of users to N = 192. It is clear that a 10% gain in bandwidth is achieved by reducing the subcarriers to M = 58 along with the gain in the performance. The subcarriers can be reduced to M = 48 to achieve the same performance as that of CSMUD at SNR ≥ 20 dB. The results in Figure 6 show that the proposed solution is feasible for small as well as for large number of nodes.
In Figure 6 , it is shown that by using the SB-CSMUD we can reduce the required bandwidth to achieve the same activity detection. However, as the LSER also depends on the number of subcarriers, we have to consider the effect of reducing the subcarriers on the LSER. Figure 7 depicts the effect of reducing the subcarriers on the LSER. The simulations are carried out for known activity where the information about the active nodes are known at the BS, therefore, the BER constitutes only the LSER. From the figure, it is clear that as M decreases, the LSER increases for both CSMUD and SB-CSMUD. However, the reduction in the LSER of the SB-CSMUD is less than that of the CSMUD. The difference in the degradation rate comes from the diversity introduced by using D spreading sequences in SB-CSMUD. In CSMUD the effect of the highly correlated sequences remain the same for all the frame, while in SB-CSMUD, only L/D symbols in the data frame get affected, therefore, the overall LSER is improved. Due to this improvement, the LSER of the SB-CSMUD at M = 18 is approximately same as that of the CSMUD at M = 20, justifying the 10% gain in the bandwidth achieved by SB-CSMUD.
The overall performance gain of the SB-CSMUD in terms of DER and BER is demonstrated in Figure 8 . At M = 20 the DER of the SB-CSMUD is lower than that of the CSMUD by two order of magnitude as shown in Figure 8 (a) for SNR > 15 dB. The same gain pattern is observed in the overall BER curves in Figure 8(b) . It is clear from Figure 8 that the major contribution in the degradation of the BER of the CSMUD comes from the detection errors. A single error in activity detection causes the whole frame in error as also shown in Equation (6) . The SB-CSMUD primarily reduces the DER, which consequently reduces the overall BER.
The SB-CSMUD enhances the spectrum efficiency by reducing the number of subcarriers as shown in Figure 8 . For M = 18, a gain of 1.5 order of magnitude in DER is achieved for SB-CSMUD at SNR = 20 dB. The reduction in subcarriers is equivalent to reducing the required bandwidth by 10% besides a gain of 1.5 order of magnitude in DER. In Figure 8 , it can be observed that the subcarriers can further be reduced as even at M = 17 a gain of more than one order of magnitude is achieved. The property of support recovery using smaller number of subcarriers is of great interest in certain mMTC scenario where the activity detection is more important than the actual data. Figure 9 presents the impact of the sequence block size, D, on the performance. As D increases, the maximum correlation, µ B max , decreases due to the averaging of several correlations. The reduction in maximum correlation results in reduction of the DER as shown in Figure 9 (a) and consequently the BER in Figure 9 (b). It can also be seen that the improvement in DER is not linear with the D. The gain in DER from D = 1 to D = 2 is more than that from D = 2 to D = 3. The reason for this is that v B also increases with D which affects the gain in DER. Figure 10 shows the relationship between the performance and the size of the frame. For CSMUD, a gain of one magnitude in DER is achieved at SNR = 20 dB for increasing L = 8 to L = 20 as shown in Figure 10(a) . In case of SB-CSMUD the gain is significantly higher and no detection error is observed for SNR > 8 dB. The performance gain comes from the averaging of the correlations over multiple symbols for CSMUD and over multiple blocks for SB-CSMUD. In Equation (21) and (34) it can be seen that if all the L symbols of CSMUD and L/D blocks of SB-CSMUD experience the same noise, then the size of L will not affect the performance. However, in practice, the noise can never be the same for all symbols. Owing to the diversity introduced by the random noise, a significant gain in DER is achieved. From L = 20 to L = 36, the gain in DER is small for both CSMUD and SB-CSMUD due to the fact that the diversity becomes nearly same for further increasing the frame size. It can also be observed in Figure 10 (b) that the BER improves with improvement in DER, however, from L = 20 to L = 36, the BER for SB-CSMUD is almost the same particularly for SNR > 8 dB. It is for the reason that no error is introduced by the error in the activity detection and further increasing the frame size will not affect the BER.
The relationship between the performance and the number of active nodes is demonstrated in Figure 11 . For less sparse signal, the number of active users is higher, which contributes in increasing the multiple access interference, thereby, degrading the performance. It can be seen in Figure 11 (a) that the DER of the CSMUD is at least 10 −2 even at K = 8. On the other hand due to the more efficient activity detection of SB-CSMUD, the DER of SB-CSMUD is 10 −3 even at K = 12, resulting in one order of magnitude gain in DER at SNR = 20 dB along with accommodating 50% more nodes. A similar trend of performance gain in BER can be observed in The effect of reducing the sparsity on the overall BER is shown in Figure 11 (b). The BER also degrades with the increase in the number of active nodes. However, the BER performance curves show that the DER is the dominant cause of the overall BER degradation. It can be concluded from the Figure 11 that the SB-CSMUD is more resilient to multiple access interference and can give reasonable performance in situation where the number of simultaneously active nodes is higher. Figure 12 presents the advantage of providing homogeneous performance for all the nodes of the proposed SB-CSMUD over the conventional CSMUD. For the simulation, the maximally correlated sequences are assigned to the active users and the LSER of the individual users at known activity is obtained. In Figure 12 it is observable that the standard deviation of the LSERs of the active nodes in SB-CSMUD is substantially lower than that of the CSMUD, verifying that all the active nodes have approximately similar LSER. The reason for the improvement is discussed in subsection IV-E.
VI. CONCLUSION
In this paper we have proposed a non-orthogonal multiple access scheme with sequence block based CSMUD to enhance the spectrum efficiency, reduce the DER and BER, provide homogeneous performance for all nodes and to increase the overloading capability of the CSMUD.
The performance determining parameter of CSMUD, i.e., the maximum mutual correlation between the signatures, is reduced by exploiting the multi-symbol structure of the data frame. The proposed SB-CSMUD enhances the performance without increasing the length of the spreading sequence, thereby, improving the spectrum efficiency. It is shown that with SB-CSMUD, the required bandwidth can be reduced by at least 10%, which can further be reduced for applications where the accurate activity detection is the key requirement rather than accurate data estimation. Furthermore, it is also demonstrated that a more homogeneous performance for all users is achieved for the proposed SB-CSMUD. It is shown empirically as well as analytically that a significant improvement in the DER and the spectrum efficiency can be achieved without increasing the number of subcarriers. In addition, the SB-CSMUD have the same computational complexity as that of the CSMUD at the only expense of increased memory of the node for hosting the sequence block.
In the proposed scheme the sequence block design is a naive sliding window based selection of the sequences from the spreading matrix. It will therefore be an interesting topic to investigate the selection of sequences based on the minimization of the mutual correlation between the sequence blocks.
